We consider a distribution system with a central warehouse and multiple retailers. The warehouse orders from an outside supplier and replenishes the retailers which in turn satisfy customer demand. The retailers are nonidentical, and their demand processes are independent compound Poisson. There are economies of scale in inventory replenishment, which is controlled by an echelon-stock, batch-transfer policy. For the special case with simple Poisson demand, we develop an exact method for computing the long-run average holding and backorder costs of the system. Based on this exact method, we provide approximations for compound Poisson demand. Numerical examples are used to illustrate the accuracy of the approximations. We also present a numerical comparison between the average costs of a heuristic, echelon-stock policy and an existing lower bound on the average costs of all feasible policies. M ore and more companies now possess centralized stock information, due to modern information technologies. For example, Wal-Mart, a discount retailer, has a satellite communication system that transmits daily pointof-sale data to its distribution centers and suppliers (Stalk et al. 1992). In this paper, we study a class of replenishment policies that use centralized stock information.
M ore and more companies now possess centralized stock information, due to modern information technologies. For example, Wal-Mart, a discount retailer, has a satellite communication system that transmits daily pointof-sale data to its distribution centers and suppliers (Stalk et al. 1992) . In this paper, we study a class of replenishment policies that use centralized stock information.
Centralized stock information can be utilized through echelon-stock policies. A facility's echelon stock is its onhand inventory plus the inventories at all its downstream facilities. A replenishment policy based on echelon-stock information is called an echelon-stock policy. Although the concept of echelon stock was introduced by Clark and Scarf (1960) some three decades ago, most research has focused on installation-stock policies that use only local stock information. The proliferation of information technologies and the resulting availability of centralized stock information bring back the interest in echelon-stock policies.
We consider a distribution system where a warehouse orders from an outside supplier and replenishes N retailers. The retailers are nonidentical and face independent compound Poisson demands. All excess demands at the retailers are completely backlogged. Inventory transfers from the warehouse to the retailers incur fixed costs. Inventory transfers between retailers are not allowed. We propose a class of echelon-stock, batch-transfer policies for the system: each facility uses an echelon-stock (R, nQ) policy, i.e., once its echelon stock falls to or below the reorder point R, it orders an integer multiple of Q-its base order quantity-to raise its echelon stock to above R. When the demand is simple Poisson, an (R, nQ) policy reduces to the well known (R, Q) policy where each order is of exactly Q units. As the reader may have noticed, the above class of policies is an extension of those studied by De Bodt and Graves (1985) and Chen and Zheng (1994a) in serial systems.
For the special case with simple Poisson demand, we provide an exact method for computing the long-run average holding and backorder costs of the system. This is achieved by disaggregating the backorders at the warehouse among the retailers. Although the disaggregation method fails to generate an exact evaluation scheme for compound Poisson demand, it can be used to develop approximations. Numerical examples are used to illustrate the accuracy of the approximations. We also present a numerical comparison between the average costs of a heuristic, echelon-stock (R, nQ) policy with an existing lower bound on the average costs of all feasible policies. The gap between the two is within a reasonable range, suggesting that the heuristic policy is not far from optimal.
One-warehouse multi-retailer systems have received much research attention. Base stock policies have been extensively studied for systems without setup costs; see Axsater (1993b) and Federgruen (1993) for comprehensive reviews. For systems with setup costs, most of the previous work has been confined to continuous-review, installationstock (R, Q) policies (Deuermeyer and Schwarz 1981, Moinzadeh and Lee 1986, Lee and Moinzadeh 1987a and b, Svoronos and Zipkin 1988, and Axsater 1993a) . Under an installation-stock (R, Q) policy, the warehouse orders according to its local stock level, treating orders from the retailers as its demand. Since the retailers order in batches, the demand the warehouse faces is an aggregated version of, thus more volatile than, the customer demand process. In contrast, echelon-stock policies react directly to customer demand.
MODEL, NOTATION AND PRELIMINARIES
Consider a one-warehouse N-retailer system where the retailers order from the warehouse, which in turn orders from an outside supplier with unlimited stock. For convenience, we will also refer to the warehouse as facility 0 and When the time index t is omitted, the notation represents steady state variables. All variables are integral. Facility i, i = 0, ..., N, uses an echelon-stock (Ri, nQi) policy: it orders nQi units from its supplier once its echelon stocky falls to or below its reorder point Ri, where n is the smallest integer with y + nQj > Ri. If the on-hand inventory at the warehouse is insufficient to satisfy a retailer order, the order is partially filled with the remainder backordered at the warehouse. Backlogged retailer orders are satisfied on a first-come, first-served basis. We assume integer-ratio base order quantities: Qj = miQN for i = 0, .. . , N -1 where mi is a positive integer. We will refer to QN as the base-lot of the system. Since inventory costs tend to be insensitive to the choice of order quantities we know that, given Yj = y, the distribution of Zj, and thus the ordering process of the group i\{i}, is independent of the values of Bo and Zi. Now we are ready to introduce the following definitions. For convenience, we label demands and orders before time t backward. Therefore, e.g., the "first" demand at a retailer refers to the "last" demand at the retailer before time t and the "first" order placed by a retailer means the "last" order by the retailer before time t. Define PYi(n j) = probability that the group of retailers, N\{i}, has placed at most n base-lots of orders by the time the jth demand arrives in the group (or by the jth group demand) given jZ-jj = y.
Below, we develop a recursive procedure to compute PYi(n lj). To that end, we need the following additional definitions. For any retailer k and any subset S of JX, define pY(n I j) probability that retailer k has placed exactly n base-lots of orders by its jth demand given Zk = Y.
PsY(n j)= probability that the group of retailers, S, has placed at most n base-lots of orders by the jth group demand given >zkES Zk = Y.
Note that P~' (n Ifj) = P~{i}(n Ii).
Consider Pky(n I). Note that pk ( 
Approximation
Let t be a time epoch at steady state. Label demands and orders before time t backward. Let k and i be elements of X, and S a subset of X. Define pk(n j) = probability that retailer k has placed exactly n base-lots of orders by its jth demand (before time t), Ps(n j) = probability that the group of retailers, S, has placed at most n base-lots of orders by the jth group demand, P -i(n 1I) = Px{j(n Ij). 
First consider pk(n I j). Clearly
and PiLzY(0) = 1. The distribution of Zi (thus IP1) can be obtained by (13).
Approximation 11
First determine g(Q), the steady state distribution of the system inventory level. This can be done exactly, see (2). Let gi = EDV. Defineki = Alij. Then assume the demand processes at the retailers are independent simple Poisson processes with rate Aj at retailer i, and follow the approximation in Subsection 2.2. This leads to Pr(Zi -w) and thus the distribution of 1P1. Finally, use the exact leadtime demand distribution in (3) to obtain the distribution of ILL. Tables III and IV. Table III contains examples with simple Poisson demand and has the following columns: exact average holding and backorder cost, approximate average holding and backorder cost, the relative error of the approximation (approximate cost/exact cost -1), lower bound on the average costs of all feasible policies, simulated total cost (including setup cost), and the relative difference between the lower bound and the total cost (1 -lower bound/total cost). The simulated total cost was obtained by adding the exact holding and backorder cost to the simulated setup cost (since we do not have an exact formula for the average setup cost). Table IV contains examples with compound Poisson demand and has the following columns: simulated holding and backorder cost, approximate holding and backorder costs under both approximations, the relative errors of the approximations (approximate cost/simulated cost -1), lower bound, simulated total cost, and the relative difference between the lower bound and the total cost (1 -lower bound/total cost). All simulated entries include a 95% confidence interval. The lower bound is the induced-penalty bound provided by Chen and Zheng (1994b).
NUMERICAL EXAMPLES

CONCLUSION
This paper has provided exact as well as approximate procedures for evaluating the performance of echelon-stock (R, nQ) policies in one-warehouse multi-retailer systems. We have also presented numerical evidence on the gap between echelon-stock (R, nQ) policies and the (unknown) optimal among all feasible policies. We have concentrated on performance evaluation of echelon-stock (R, nQ) policies. How to determine a good policy within the class remains an open question. For our numerical examples, we used a heuristic algorithm to determine reorder points and order quantities. Although this method has been suggested by many researchers, there is no guarantee that the resulting policy is close to optimal (within the class).
Finally, we note that echelon-stock policies are a very specific way of using centralized stock information. Therefore, it is reasonable to ask how far they can be from the optimal (among all policies). Although our numerical evidence is encouraging, there is a great desire to establish a theoretical worst-case bound on the performance of the heuristic policies. So far, only preliminary results exist for twostage serial systems ( (One potential problem in using (25) is that we may have to divide the right side of (25) by a very small number in order to obtain PYl 1(n Ij). This occurs when j is large Note that for any n -SI B, we have _i(n I j) = 0 if j > J. As a result, we only need to compute P2_ (n I) for j < J. Also, the summation over j in (12) has a finite range from 0 to J. Now consider pk(nl j). From (9), we know that if j I, nQN + Qk + 1 -y then j4(n Ij) =0. Since n S B, we can ignore pk(n Jj) if j > J where J BQN r maX{Qk, k =1,..,N}. Therefore, the upper limit for the summation over 1 in (11) can be reduced to min{j, J}. 
